Principal Component Analysis (PCA) has been shown effective for reducing thermographic NDE data. While a reliable technique for enhancing the visibility of defects in thermal data, PCA can be computationally intense and time consuming when applied to the large data sets typical in thermography. Additionally, PCA can experience problems when very large defects are present (defects that dominate the field-of-view), since the calculation of the eigenvectors is now governed by the presence of the defect, not the "good" material. To increase the processing speed and to minimize the negative effects of large defects, an alternative method of PCA is being pursued where a fixed set of eigenvectors, generated from an analytic model of the thermal response of the material under examination, is used to process the thermal data from composite materials. This method has been applied for characterization of flaws.
INTRODUCTION
Principal component analysis (PCA) has been used extensively as a data reduction technique. Originated by Peason 1 in 1901 and later developed more fully by Hotelling 2 it has been used extensively to reduce the dimensionality of a data set consisting of a large number of interrelated variables, while retaining, as much as possible, the variation present in the data set. For example PCA is used routinely in constructing socio-economic status indices 3 , for analysis of spectral imaging data in astrophysics 4 and for facial recognition 5 . Additionally, application of PCA to thermal NDE has also been extensively studied. Typical application of PCA to the reduction of transient thermographic data consists of calculating the principal components of the temporal data through singular value decomposition (SVD) of the experimental data itself. For example, Rajic 6, 7 and Valluzzi 8 both use PCA as a contrast enhancement technique for defect detection. Genest 9 and Vavilov 10 provide comparisons between PCA and various other data reduction techniques for defect sizing. Zalameda 11 discusses PCA's use for temporal compression of the thermal data. PCA was used to analyze thermal "flying-spot" data by Hermosilla-Lara 12 for detection of open cracks in metallic specimens. Finally, Marinetti 13 suggests the use of an experimentally derived training set to calculate the principal components. This paper reports on the use of a semianalytical, one-dimensional model to develop the principal components. The application of this approach will demonstrate how these models are used to quickly reduce and quantify defects in large volumes of thermographic data. Results from the application of this technique to flash IR data, totaling more than 200GB, acquired during a large composite test article inspection are presented. A comparison of this approach with traditional data analysis techniques and a description of the automated large area inspection system are also given.
PCA FOR THERMOGRAPHY
In thermographic applications, PCA, which is also referred to as the discrete Karhunen-Loève transform, is a procedure for representing the thermal response as an orthogonal transformation. The orthogonal basis vectors can be based on either a set of measured responses, a set of simulation results or a combination of both. The number of vectors in the orthogonal transform significantly less than the number of points in the discretized thermal response, enabling a representation of the data with significantly reduced number of variables representing the data.
The orthogonal representation of the thermal response is given by Invited Paper
where Ti,j (tn) is the digitized thermal response at a given point at of a specimen, ci,j,k are coefficients that represent the thermal response at a given location, μi,j is the mean of the response at a given point and vk (tn), k=1,…,m are a set of orthogonal vectors where m is less than or equal to the number the number of time steps. The orthogonal vectors are the eigenvectors of the covariance matrix of the thermal responses. The eigenvectors are ordered in such a way that the lowest vectors account for most of the variability in the data. For thermal data typically only a few eigenvectors are required to adequately represent the data. As a result this representation is a good method for both compressing and smoothing the data. The thermal response used to calculate the covariance matrix can be either measured, simulated or combination of both thermal response. A simple way to calculate this covariance matrix is to represent the thermal response at a given point as a column vector T. The covariance matrix (C) is calculated by subtracting the mean for the thermal response and summing the difference times it's transpose for all of the thermal responses or
.
A particular advantage of calculating the covariance matrix this way is a large number of responses can be used to calculate the covariance matrix without performing calculations on an extremely large matrix. A second advantage is the matrix can be stored and updated as more data becomes available.
Often, the dataset being analyzed is used to calculate the covariance matrix. This has the advantage of ensuring the eigenvectors are representative of the data being analyzed. However it also has the disadvantage of the eigenvectors being different for each dataset and the coefficients being difficult to interpret. An alternate method discussed in this paper is to calculate the covariance matrix from a set of model responses. This enables using a consistent set of eigenvectors to represent multiple data sets. A second advantage is the coefficients of the representation can be related to coefficients of the model to provide a more quantitative analysis of the data.
DETERMINING EIGENVECTORS FORM TWO-LAYERED SYSTEM TO IMPULSE HEATING
To calculate the covariance matrix, the thermal responses were calculated from a one dimensional model of a two layer system, with a contact resistance between the two layers. This has the advantage of providing thermal responses for a single layer (the contact resistance is very high) or a single layer with a weak contact to another thermal mass, which is the case of a delamination or where there is contact with another large thermal mass.
A simple analytic solution does not exist for the one-dimensional heat flow in a multilayered material. A solution does however exist in Laplace space for two layers of thickness l1 and l2 coupled by an intermediate contact resistance(R). Since the configuration of interest is a composite with a delamination, the first and second layers are assumed to have the same thermal conductivity (K) and diffusivity (κ). For the surface with the incident heating, the Laplacian of the front surface temperature response is given by
where p is the Laplacian coordinate, q is √ ⁄ and f is the energy per unit area of the flash. This reduces to the onedimensional solution of a single layer with a thickness of l1 + l2 if R equals zero (no contact resistance at the boundary). An advantage of using this to develop a set of eigenvectors for representing thermal responses of three dimensional materials is it can be quickly inverted numerically and for flaws such as delamination and large voids, the thermal response has a shape that can be approximated be a layer that is thermally in contact with another thermal mass.
Thermal responses are calculated to span expected thermal response of the structure. For calculation of the covariance matrix, it has been found to be advantageous to generate a set of thermal responses that do not over represent any particular expected thermal response. For a large contact resistance, this can be done by calculating the thermal response from the smallest realistic value of κ/l1 2 (limited by the length of the time record) to the largest realistic value of κ/l1 2 (limited the first time that the thermal response can be measured) in equal steps. A representative set of equally space responses for a single layer is shown in Fig. 1a .
The contact resistance is reduced until there is significant heat flow from the first layer to the second layer. At this time, no particular method has been established for determining appropriate values for the contact resistance, rather contact resistance are reduced until there is a significant reduction in the long time thermal response of a thin layer to create one set of responses with the first layer thickness being the same as used to create the "single" layer response and then reducing it by a factor of ten and calculating another set. Three different contact resistances (include the extremely large contact resistance which produced a single layer response) were found give a set of eigenvectors that accurately represented all of the acquired data. The set of responses for the contact resistance where there were significant reduction of the long term response of a thin first layer are shown in Fig. 1b . It is as can be seen from a comparison of 1a and 1b, for thicker first layers, the decrease in contact resistance does not have as significant an impact on the response.
The eigenvectors and eigenvalues are calculated numerically from the covariance matrix, using one of the many algorithms available in the public domain or from commercial software packages. The set of eigenvectors and eigenvalues used in this study are shown in Fig. 2 . Only the first eigenvector has a shape that qualitatively has the appearance of a thermal response, so clearly there is not straight forward correlation between these shapes and the thickness of the first layer. However, these four eigenvectors are adequate to represent all of the 800 responses generated for the creation of the covariance matrix to better than 1%. Before calculating the coefficients to represent the thermal response Ti,j, the mean of the response (µi,j) is subtracted from the response and the result is normalized by dividing by the square root of the mean of the difference squared or
where ai,j is given by
The normalization is not necessary for the representation, however, it simplifies the interpretation of the coefficients. The coefficients for representing the thermal response at a given location expressed as a vector ci,j calculated by expressing the eigenvectors as the rows of a matrix times T'i,j. 
ESTIMATION OF FLAW DEPTH FROM COEFFICIENTS OF EIGENVECTOR REPRESENTATION
The first four eigenvectors calculated from the two layer response model are used to find coefficients that represent the thermal response at each point on the sample. An estimation of the depth is obtained from the first four coefficients of the eigenvector representation of the measured thermal responses. The sum of squared differences between the coefficients of the measured data and each of the calculated two layer model coefficients is calculated. The depth corresponding to the smallest summed squared differences is taken to be the estimate of the depth. This is similar to a k-means cluster, with the difference being the coefficients for the center of the clusters are determined from the model response, rather than a clustering algorithm.
DEMONSTRATION OF TECHNIQUE ON FINITE ELEMENT SIMULATION OF THERMAL RESPONSE
To demonstrate the capability of this technique for determination of the depth of the interface between the two layers, a finite element simulation was performed of 3 flat bottom holes of the different depth in 0.2 cm thick 2 by 6 cm block. The material properties of the layer were a thermal conductivity of 0.97 W/m o K, specific heat of 1200 J/kg/ o K and a density of 1600 kg/ m 3 . Three holes, with depths of 0.15cm, 0.1cm and 0.05cm and diameters of 1cm. The finite element thermal response at 2 seconds with 1% added noise is shown in Fig. 3(a) . As can be seen from that figure, the flaw nearest to the surface is clearly visible, however, the shallowest flat bottom hole is extremely difficult to see in the image. This is in part due to the scaling of the results required to keep the 0.15 cm deep hole from saturating the image.
In Fig. 3(b) the thickness map calculated from coefficients of the first four eigenvectors using the method described in the previous section. In this image, the flat bottom hole that is furthest from the front surface is less visible than the flat bottom hole closest to the surface, however significantly more visible then in the thermal response image. Fig. 4 is a plot of the thicknesses obtained across the center of the flat bottom holes. As can be seen from the figure, there is good agreement between the simulation depths of the holes and the depths estimated from the eigenvector analysis. 
MEASUREMENT SYSTEM
The flash thermography system performing these measurements was a commercially available system. The system features an infrared (IR) imager with a 640 x 512 sensor array of Indium-Antimonide elements and two 4800-Joule xenon photographic flash tubes mounted in a hood to contain and focus the flash. The hood has dimensions of 36.8 cm wide by 26.7 cm deep by 40.6 cm tall and is configured such that the IR camera views the inspection surface directly. The flash produces an energy density of 7.15 joules per square centimeter at the mouth of the hood 14 . The inspection hood is connected to a computer base station that also houses power sources for various components. Thermographic inspection was accomplished by placing the hood on the section of material to be inspected. The bottom of the hood completely surrounds or sits on top of the specimen, depending on the dimension of the specimen as compared to the size of the hood. The flash lamps are triggered either by operator controls on the hood or by the computer. Thermographic images of the specimen are captured by the infrared camera for a predetermined amount of time and stored in the computer for further analysis. The camera's noise equivalent temperature difference (NEΔT), cited by the manufacturer, is 0.025°C in the 3 to 5 micrometer wavelength range. External optics, consisting of a wide-angle lens, using germanium optical elements, was used to increase the system field-of-view by a factor of approximately two. The expanded field-of-view of this lens is 41º horizontally and 31º vertically.
APPLICATION OF PCA REDUCTION TO COMPOSITES
The first specimen used for testing the viability of the measurement technique was a composite specimen with 20 delaminations at specified depths. The first four eigenvectors calculated from the two layer response model were used to find coefficients that represent the thermal response at each point on the sample. It is important to determine if only the first four eigenvectors give a good representation. The reconstructed thermal response is calculated from the calculated coefficients and mean at each point from Eq. 1. For composite data, as can be seen in Fig. 6 , the reconstructed response falls within the noise of the measured responses, even for the point with the largest mean squared difference between the reconstruction and the data. An estimation of the depth is obtained from the first four coefficients of the eigenvector representation of the measured thermal responses using the method described in Section 3. For the data acquired with the delaminations closest to the measurement surface, an image of the thermal response is at 2 seconds and the map of estimated thicknesses are shown in Fig. 7 . As can be seen from the figure, while there are faint indications of the deeper delaminations in the thermal image, after the PCA analysis, the delaminations are clearly visible. This is one of the previously reported advantages of the PCA technique for thermography, a significant improvement in the signal to noise 15, 16 . perfect agreement between the estimated depths and the specification depths. Different symbols are used to represent different widths of the delaminations. The error bars indicate the standard deviations of the estimated depths based on the variance within the region of the delamination. As can be seen from the figure, there good agreement between the estimated depths and the specification depths for delaminations close to the surface. As the delaminations get further from the measurement surface, the agreement is poorer and the variance is larger, especially for the smaller flaws. This is reasonable, since the small deep flaws have the smallest signal to noise. It should be noted that the actual depths of the delaminations have not been verified with an independent measurement. Another composite structure of interest is a graphite-epoxy composite cylinder 3.05m in height and 4.0m in diameter. The walls of the cylinder are a fluted-core composite concept. Fluted-core composites are sandwich composites that consist of integral angled web members and structural radius fillers spaced between laminate face sheets 17 . The face sheets consist of 8 plies of graphite epoxy material nominally 1.14mm in thickness. Fig. 9 shows a drawing of the fluted-core structure and a photograph of the entire composite cylinder. The cylinder has a total surface area of 76.4m 2 (considering both inner and outer face sheets). One of the issues in inspection of such a large part is the amount of data that needs to be examined. Based on the inspection area of 0.07m 2 for the flash thermography system described previously, the complete inspection of the composite cylinder would require approximately 1100 individual inspections. Each inspection consists of 400 frames of thermal data at 60 frames per second acquisition rate yielding 250Mbytes of data per acquisition. The total data acquisition for 100% inspection of the inner and outer cylinder face sheets would result in approximately 275GBytes of data. An advantage of the PCA method is the data can be reduced to one image at each inspection, which can then be viewed by the inspector. The thermal response of an approximate region of 30 cm by 24 cm is shown in Fig. 10 . The dark regions of the image are the angled web members where two flutes come together behind the face sheet. There is some variation in the images from top to bottom as a result of uneven heating. The images have been scaled to the minimum and maximum values in each of the images. The estimated thickness images based on the PCA analysis are shown in Fig. 11 . All of the images have been scaled to the exact same range of 0.8 mm to 1.8 mm. The white lines in the image are where there is an angled web member behind face sheet where two flutes meet. In this region in the structure, the heat flows into the intersection between the two flutes and structure has the appearance of being very thick. As can be from the images, the PCA gives very consistent results. From the histogram of the images it is possible to determine the dominant thickness in the image to be 1.21±0.01mm assuming a thermal diffusivity of 0.514 mm 2 /sec as compared to the nominal thickness of 1.14mm. If one assumes the correct thickness is 1.14mm, then the difference could be a result of a thermal diffusivity 0.58 mm 2 /sec. There are no indications of flaws in these images.
CONCLUSIONS
An approach to processing of thermal NDE data employing a fixed set of eigenvectors generated from a one dimensional analytic model of the thermal response of the material under investigation is presented. This has the advantage of enabling relating the coefficients of measured data to the parameters of the model for simplified interpretation of the results and a quantitative characterization of the material being examined. For the composite specimen with delaminations examined in this study, the delamination depth measured based on the model-based fixed eigenvector are in good agreement with the depths in the specifications for the specimen.
